Total suspended matter (TSM) is related to water quality. High TSM concentrations limit underwater light availability, thus affecting the primary productivity of aquatic ecosystems. Accurate estimation of TSM concentrations in various waters with remote sensing technology is particularly challenging, as the concentrations and optical properties vary greatly among different waters. In this research, a semi-analytical model was established for Hangzhou Bay and Lake Taihu for estimating TSM concentration. The model construction proceeded in two steps. 1) Two indices of the model were calculated by deriving absorption and backscattering coefficients of suspended matter (a p (λ) and b bp (λ)) from the reflectance signal using a semi-analytical method.
Introduction
Total suspended sediment (TSM) is closely related to water transparency and other water quality parameters. TSM is mainly composed of fine and medium silt, which can be easily resuspended and transported to the water surface [1] . High TSM concentrations in shallow lakes can be partly attributed to sediment resuspension by wind waves and runoff discharge [2] [3] [4] . In coastal water, terrestrial inputs and tidal action predominantly cause high TSM in the water column [1, 5, 6] . High TSM concentrations limit the light penetration into the underwater environment, thereby affecting the primary productivity of aquatic ecosystem [5, 6] . In addition, high TSM concentrations are accompanied by high levels of nutrients, phosphorus, micropollutants, heavy metals, and other pollutants, which negatively impact human and ecosystem health.
Obtaining TSM concentrations with fine temporal and spatial resolution is important for evaluating water quality and associated environmental functions. Traditional in situ TSM measurements can be expensive and time-consuming. In addition, it is challenging to obtain TSM concentrations simultaneously over a large scale or monitor long-term processes in aquic environments [4] . Overcoming this problem could be accomplished by an increase in the use of satellite remote sensing.
The fundamental theory of the use of remote sensing to derive TSM concentrations is that the backscattering properties of TSM enhance the remote sensing signal, while the absorption properties reduce the signal. Both the absorption and backscattering coefficient of TSM are significantly elevated with increasing sediment, which makes it possible to construct relationships between TSM and the remote sensing signal. Over the past several decades, an increasing number of studies based on analytical, empirical and semi-analytical methods have mapped TSM concentrations with satellite data around the world [7] [8] [9] [10] [11] [12] [13] . The analytical models in these studies were based on strict theoretical derivation, which tends to be more applicable for different water types than empirical models. However, challenges or inaccuracies in obtaining initialization parameters limited the implementation of these models in a wider range of conditions [7] . The empirical models were established based on statistical relationships between TSM concentrations and water reflectance or radiance in visible or near-infrared (NIR) wavelengths of a single band, band ratios, or multiple bands, and the band selection usually covaried with the optical properties of the water environment. For instance, the absorbing coefficient of pure water is significantly larger in the NIR region than in short visible regions. Therefore, the reflectance in the NIR region is suggested for estimating high TSM, which could ensure a sufficient reflectance signal in this region, while the less-absorbing portions in short visible wavelengths are more suitable for low TSM [14, 15] . In addition to the choice of spectral bands, the band arithmetic also varies with water types from clear ocean water to highly turbid inland/coastal water. A single band model is accepted if an accurate water-leaving radiance or water surface reflectance can be derived from the raw image data [16] . The band ratio model can partly reduce skylight reflectance [17] . In addition, the effect of backscattering in deriving TSM from remote sensing reflectance could also be reduced by using an appropriate band ratio [18] . Multi-band models have demonstrated improved accuracy by cancelling spectrally covarying errors [19] , even though they were usually used with either uncorrected at-sensor radiances or corrected remote sensing reflectance at coarser accuracy [20] .
In addition to analytical and empirical models, semi-analytical methods are widely used to estimate TSM. Volpe, et al. [9] followed a theoretical approach to relate in situ measurements and satellite radiance observations for TSM estimation in a lagoon in Venice (Italy). Dekker, et al. [10] used an analytical model with in situ optical properties of particulate matter to assess the TSM variation in the southern Frisian lakes of the Netherlands. However, the most widely used form of the semi-analytical method is to derive the inherent optical properties (IOPs) of suspended matter (absorption and backscattering coefficient: a p (λ) and b bp (λ)) from the water surface reflectance (R rs (λ)) [21] . The relationship between b bp (λ) and R rs (λ) has been the subject of numerous studies [22] [23] [24] . In these studies, the optimal band is usually in the NIR region, where the absorption due to particulate and dissolved matter is assumed to be negligible. Therefore, the TSM is primarily derived from a single parameter, the total backscattering coefficient [16, 25] . Similarly, if a p (λ) can be derived from R rs (λ), it can then be used for TSM retrieval [19, 23] . Based on the radiative transfer theory, Lee, et al. [26] gave a theoretical explanation of a p (λ) and b bp (λ) and then established a quasi-analytical algorithm (QAA) for relating a p (λ) and b bp (λ) to multiband surface reflectance for ocean and coastal environments. Many subsequent works have presented applications of the QAA model in deriving a p (λ) as well as b bp (λ) from remote sensing reflectance and, consequently, for estimating the surface TSM concentration in different water types [11] [12] [13] . The semianalytical methods allow insights on the process themselves and provide a representation of the current water condition that is consistent with the governing physical processes [9, 10] . However, these methods need initialization parameters as input, which is challenging to obtain from current instruments due to their insufficient angular and spectral ranges. In addition, a robust inversion model for a wide range of TSM concentrations has not been developed [19] . Lake Taihu and Hangzhou Bay, which are situated in the most heavily urbanized area in China, provide important water and fishery resources for the surrounding residents [27, 28] . Effective monitoring and assessment of the water environment are therefore essential for ensuring water ecological security. In Lake Taihu, the water body is subject to frequent sediment resuspension from wind waves [27] . In Hangzhou Bay, sediment resuspension is mainly caused by the force of regular tides [28] . Both Lake Taihu and Hangzhou Bay are characterized by high turbidity and drastic variation, which has a profound impact on lake and bay ecosystems. Therefore, the capability to access high-frequency and large-scale observations is of great practical interest for environmentalists and ecologists. Current polarorbiting satellites can only observe ground once a day, which is far below demand of hourly observation. Compared with these polar-orbiting satellites, the high revisit frequency of the Geostationary Ocean Color Imager (GOCI) will greatly improve our ability to monitor TSM dynamics in these regions.
Therefore, our aims in this study were to (1) characterize the water quality and spectral characteristics of Lake Taihu and Hangzhou Bay; (2) calibrate and validate a general semianalytical model of TSM estimation ultimately applied to GOCI images; (3) examine the feasibility of using this model for other types of waters by applying it to the slightly turbid Xin'anjiang Reservoir; and (4) compare the superiority of this model in deriving the absorption and backscattering coefficients of TSM with existing models.
Data and methods

Study area
In situ measurements (Table 1) were collected from the highly turbid inland Lake Taihu (30°50′-31°40′ N and 119°50′-120°40′E) and highly turbid coastal waters of Hangzhou Bay (30°20′-30°40′N; 121°00′-121°20′ E) on the southeast coast of China (Fig. 1) . Lake Taihu is located downstream of the Yangtze River and provides water resources for more than 10 million people in three cities (Wuxi City, Suzhou City, Huzhou City, and Shanghai). Lake Taihu is a turbid, shallow lake with long-term average Secchi depths of 0.35 m in the north and 0.45 m in the south [27] . The mean water depth of Lake Taihu is approximate 1.9 m, and the maximum depth is approximately 2.6 m at a water level of 3.0 m [27] . In Meiliang Bay and the open area of the lake, wind speeds often exceed 5 m/s, causing significant sediment resuspension and drastic spatial-temporal variation [27] . Hangzhou Bay is the largest bay on the southeastern coast of China and adjoins the mouth of the Yangtze River [29] . Two large rivers, the Yangtze River and the Qiantang River, flow into Hangzhou Bay. The multiannual mean water discharge from Yangtze River and Qiantang River are 900 km 3 /yr and 42 km 3 /yr, respectively, with an average sediment discharge of 5 × 10 8 t/yr and 8 × 10 6 t/yr [28] . In addition, Hangzhou Bay is characterized by strong tidal currents, with a maximal flood velocity of more than 3.0 m/s and an average amplitude of 3~4 m at the mouth of the bay [28] . Three field campaigns in Lake Taihu were conducted in August 2013, August 2014, and April 2015. One field campaign in Hangzhou Bay was conducted in July 2017. The water parameter measurements included TSM, organic suspended matter (OSM), and inorganic suspended matter (ISM) concentrations and the absorption of TSM (a p (λ)) and chromophoric dissolved organic matter (CDOM) (a CDOM (λ)).
Samples and R rs (λ) collection
Water samples were collected at 0.5 m under the water surface immediately after water spectral measurement. All samples were stored in a dark and cool container for transport to the laboratory.
Each water sample (100-500 ml determined by water turbidity) was filtered with a 0.7-μm Whatman GF/F filter. The filter was pre-combusted at a constant temperature of 550 °C for 4 h to remove organic matter. The filters were then dried at a constant temperature of 105 °C for 4 h to obtain TSM with an accuracy of 0.01 mg. The filters were re-combusted to obtain ISM and OSM.
Each water sample was filtered with a Whatman GF/F filter before measuring the absorption spectra between 350 and 800 nm with 1-nm intervals by using a Shimadzu UV-2500 PC UV-Vis spectrophotometer. The details of the measurement and calculation of a p (λ) using quantitative filter technique method were presented in a previous study [30] .
Water samples were filtered prior to CDOM absorption analysis using pre-combusted 0.7-μm Whatman GF/F filters and 0.22-μm Millipore cellulose membranes. The absorption spectra of CDOM between 240 and 800 nm with an interval of 1 nm were obtained using a Shimadzu UV-2500 PC UV-Vis spectrophotometer [31] . The absorption coefficient of CDOM at 254 nm, a CDOM (254), is used in this study as a proxy of CDOM concentration. Many previous studies have used a CDOM (254) to demonstrate the spatial-temporal distribution of CDOM concentrations in different water bodies [31, 32] .
Water spectra (total downwelling and upwelling radiance) were measured between 10:00 and 15:00 Beijing time (China) on sunny days by using an Analytical Spectral Devices instrument (ASD, Inc., Boulder, CO). The water spectra were collected at an azimuth angle of 90-135° and a nadir view angle of 30-45°. After that, the spectrometer was adjusted upwards to 90-120° to obtain the spectra of the downwelling sky radiance. Finally, downwelling radiance measurements from the reference panel (gray or white panel depending on the current intensity of solar radiance) were collected to calibrate the upwelling radiance. The spectra were characterized with a range from 350 to 1050 nm and an interval of 1 nm. For details of the measurement and calculation of remote sensing reflectance above the water surface, the reader is referred to Shi, et al. [4] . 
Image acquisition and processing
The GOCI, a geostationary satellite ocean color sensor, was launched by South Korea in June 2010. GOCI satellite image data are characterized by high spatial resolution (500 m) and very high temporal resolution (1 h) and can obtain eight images for a certain location in a day. The GOCI has six visible bands and two NIR bands with center wavelengths of 412, 443, 490, 555, 660, 680, 745, and 865 nm. The zenith angle of GOCI is larger than that of the Moderate Resolution Imaging Spectroradiometer (MODIS) or Medium Resolution Imaging Spectrometer (MERIS), indicating that it has a longer optical path than these polar orbit satellites.
Level-1B data for Lake Taihu and Hangzhou Bay were freely download from the Korea Ocean Satellite Center (KOSC, https://kosc.kiost.ac.kr/). Chain operations such as region defining, cloud masking, Rayleigh correction, and atmospheric correction were all performed in SeaDAS 7.3. Level-1B data were atmospherically corrected with the Management Unit of North Sea Mathematical Models (MUMM) [33] algorithm. Traditional atmospheric correction based on the black pixel assumption in the NIR region will underestimate the water surface reflectance over turbid waters since the water-leaving radiances of turbid waters in NIR regions are not zero [34] . In the MUMM algorithm, this assumption is replaced by the assumption of spatial coincidence in the ratio of aerosol reflectance at 765 nm and 865 nm, as well as water surface reflectance. Compared with the standard algorithm over turbid inland or coastal water, the MUMM algorithm shows significant improvement and has been widely used for monitoring water parameters in turbid waters [35, 36] . 
Model used for TSM estimation
In this study, we retrieve TSM by calculating the backscattering and absorption coefficients of suspended matter based on a semi-analytical method. The subsurface remote sensing reflectance (r rs (λ)) was defined by Gordon, et al. [21] :
where a(λ) is the total absorption coefficient, which includes the absorption of TSM, CDOM, and pure water; b b (λ) is the total backscattering coefficient, which includes the backscattering coefficients of TSM, CDOM, and pure water; f ′ is a dimensionless factor; and Q is ratio of upwelling irradiance to radiance of the water subsurface. The value of f ′/Q is set to 0.13 according to Loisel and Morel [37] . r rs (λ) is related to the water-leaving reflectance (ρ w (λ)):
where ℜ = 0.53 is from Morel and Gentili [38] and combining Eqs. (1)- (2) gives the following:
ρ w (λ) can also be related to the water surface remote sensing reflectance (R rs (λ)) as follows: (3)- (4) gives the following:
For ISM-dominated water, the backscattering coefficient of TSM (b bp (λ)) is proportional to the TSM concentration through the specific backscatter coefficient of TSM, b bp *(λ):
where b bp (λ) can be expressed as follows:
Therefore, the first indices, X 1 , for the complex proxy can be expressed by the reflectance as follows:
We use a three-band proxy of R rs (λ) to derive a p (λ) from R rs (λ): 
The three-band proxy of R rs (λ) in Eq. (9) can be made immune to the effects of CDOM absorption and particulate backscatter by choosing three appropriate wavelengths; therefore, a p (λ) is primarily determined by R rs (λ). To achieve this goal, λ 1 , λ 2 , and λ 3 should meet three requirements: (i) a CDOM (λ 1 )~a CDOM (λ 2 ); (ii) a p (λ 1 )>>a p (λ 2 ); and (iii) a(λ 3 )~a water.
Thus, the second indices, X 2 , for the complex proxy can be expressed as follows:
Finally, a complex model (C TSM ) can be established from the above two indices as follows:
where W 1 and W 2 are weights that can be defined as the normalized determination coefficient between each index and the in situ TSM concentration.
Performance evaluation
Linear regressions and t-tests were performed using MATLAB R2012a. Results with P<0.05 in t-tests are reported as significant. The performance of proposed model in this research was evaluated based on the mean relative error (MRE), root mean square error (RMSE), and normalized root mean square error (NRMSE) as follows:
esti, meas,
where X meas and X esti are the in situ measured and derived values and n is the number of data in the calculation.
Result
Water quality characterization
The sampling sites covered a wide range of TSM compositions and absorption coefficients ( Table 2 ). In Lake Taihu, the TSM, ISM, OSM, a p (550), and a CDOM (254) TSM, ISM, OSM, a p (550) and a CDOM (254) in Hangzhou Bay exhibited smaller ranges with lower coefficients of variation compared with the values in Lake Taihu. The mean values of TSM, ISM, and a p (550) in Hangzhou Bay were 6-, 7-, and 2-fold higher than those in Lake Taihu. However, there was little difference in the mean OSM and a CDOM (254) between Hangzhou Bay and Lake Taihu. 
Comparison of parameters and spectra
Figure 2(A), 2(B) show that the determination coefficient between TSM and ISM concentrations was 0.86 (P<0.001) for Lake Taihu and 0.999 (P<0.001) for Hangzhou Bay, whereas the determination coefficient between TSM and OSM was only 0.40 (P<0.001) for Lake Taihu and 0.41(P<0.001) for Hangzhou Bay. Therefore, TSM was dominated by ISM and not OSM in the turbid Lake Taihu and Hangzhou Bay. In addition, more than 70% of samples in Lake Taihu had a value of ISM/OSM >1, but less than 30% samples had an OSM concentration higher than the ISM. By contrast, 100% of samples from Hangzhou Bay had a value of ISM/OSM >1 (Fig. 2(C), 2(D) ). These results indicate that TSM is primarily controlled by inorganic matter in Lake Taihu and Hangzhou Bay.
The absorption spectra of CDOM and TSM were also compared between Lake Taihu and Hangzhou Bay (Fig. 3) . Generally, a p (λ) was significantly larger in Lake Taihu than in Hangzhou Bay in the visible and NIR regions. The a p (λ) spectra in Lake Taihu correspond approximately with the features of phytoplankton pigment, and an apparent maximum around 680 nm was observed in Lake Taihu due to the high absorption by phytoplankton pigments. There was no such feature in Hangzhou Bay, and a p (λ) exhibited typical exponential spectral shapes.
The a CDOM (λ) of the spectra was much lower than a p (λ) in both Taihu and Hangzhou Bay. The magnitude of the spectra of Taihu and Hangzhou Bay were very similar, and both exhibited typical exponential spectral shapes. In the green and red band (550-700 nm), a CDOM (λ) was extremely low in both Taihu and Hangzhou bay, with values close to 0. 
Accuracy of atmospheric correction
By calculating the ratio of 765:865 nm for field observations of water-leaving reflectance, we found that the ratio for water reflectance over a water body was nearly spatially homogeneous, with values of 1.61 ± 0.11 in Hangzhou Bay, and 1.94 ± 0.14 in Lake Taihu, thus fulfilling the assumptions of the MUMM algorithm. The in situ reflectance measured by ASD measurements was simulated with GOCI spectral response functions to yield R rs (λ) values for the eight GOCI bands. The accuracy of the MUMM algorithm was evaluated by comparing the GOCI-derived and in situ simulated R rs (λ) for the highly turbid Lake Taihu and Hangzhou Bay (Fig. 4) . Figure 4 (C) and Fig. 4(F) show the NRMSE between the GOCIderived and in situ simulated R rs (λ) values at eight GOCI bands, including the in situ R rs (λ) collected in Lake Taihu (August 7-9, 2013 (45 measurements)), and Hangzhou Bay (July 22-24, 2017 (47 measurements)). The GOCI-derived R rs (λ) is reasonable in the visible bands, except an underestimation of R rs (λ) at 660 nm in the extremely turbid Hangzhou Bay, which could be attributed to the decrease in water reflectance after saturation at short wavelengths [39] . For Hangzhou Bay and Lake Taihu, the NRMSE values at 412, 443, 490, 555, 660, 680, and 745 nm were less than 35%, and the largest error was found at 865 nm (NRMSE > 40%), whereas the lowest error was at 660 nm (NRMSE < 20%). Overall, the GOCI-derived and in situ measured R rs (λ) were evenly distributed along the 1:1 line. Fig. 4 . Comparison between in situ measured and GOCI-derived R rs (λ). The in situ measured reflectance corresponded to the GOCI bands for Hangzhou Bay (A) and Lake Taihu (D). The spectra of the GOCI-derived R rs (λ) with the MUMM atmospheric correction method for Hangzhou Bay (B) and Lake Taihu (E). The linear regression between the in situ measured and GOCI-derived R rs (λ) for Hangzhou Bay (C) and Lake Taihu (F).
Model calibration
In Eq. (8), X 1 is still affected by a p (λ) in addition to R rs (λ). This could be avoided by choosing longer red or NIR wavelengths, where the total absorption is mainly from pure water. We assumed that backscattering by CDOM was negligible, and to determine the most appropriate position, we tuned the positions through iteration between TSM and in situ R rs (λ) in Eq. (8) . Figure 5 indicates that the determination coefficient between the derived b bp (λ) and TSM concentration increased from the blue to red regions (400-700 nm) and reached the maximum in the NIR region.
For Hangzhou Bay and Lake Taihu, the TSM is highly related to the derived b bp (λ), with determination coefficients higher than 0.80 and NRMSE lower than 40% in the NIR region, especially in the 730-825 nm region (blue rectangular box in Fig. 5(A) ). For the specific wavelength of 750 nm (corresponding to the GOCI center wavelength of band 7), the determination coefficient between the TSM concentration and derived b bp (λ) was 0.90 ( Fig.  5(B) ), and MRE, RMSE, and NRMSE were 18%, 19.3 mg/L and 28%. Separately, for the only Hangzhou Bay data set, R 2 , MRE, RMSE and NRMSE were 0.89, 14%, 27.9 mg/L, and 22%; for the Lake Taihu data sets, R 2 , MRE, RMSE and NRMSE were 0.81, 23%, 14.1 mg/L, and 33%. There are many candidate bands of λ 1 , λ 2 , and λ 3 for deriving a p (λ) in Eq. (9), and the three wavelengths may vary with water type. To find the most appropriate wavelengths of λ 1 , λ 2 , and λ 3 for Hangzhou Bay and Lake Taihu, we tuned the wavelengths of λ 1 , λ 2 , and λ 3 in Eq. (9) through three iterations between TSM and a proxy of three in situ R rs (λ i ) values (i = 1, 2 and 3). To seek the position of λ 3 , we set the initial λ 1 = 540 nm and λ 2 = 700 nm, where a p (λ 1 )>>a p (λ 2 ) and a CDOM (λ 1 ) is quite close to a CDOM (λ 2 ). The proxy ([R rs −1 (540)-R rs −1 (700)] × R rs (λ 3 )) was then regressed against the TSM concentration between 600 and 800 nm. The R 2 between the measured TSM concentration and the proxy gave high values when λ 3 was between 740 and 760 nm (Fig. 6(A) ). In the second iteration, to seek the appropriate wavelengths for λ 1 , we regressed [R rs −1 (λ 1 ) -R rs −1 (700)] × R rs (750) against TSM. The R 2 was at a maximum when λ 1 was between 530 and 580 nm (Fig. 6(B) ). In the third iteration, we found λ 2 by regressing [R rs −1 (550)-R rs −1 (λ 2 )] × R rs (750) vs. TSM. R 2 was a maximum for λ 2 over a range of 730-820 nm (Fig. 6(C) ). Hence, λ 1 , λ 2 and λ 3 were 550 nm, 750 nm and 750 nm, respectively, and the indices of X 2 could be exactly described as a water (750) × [R rs −1 (550)-R rs −1 (750)] × R rs (750) + a water (750)-a water (550). The R 2 between the TSM concentration and derived a p (550) was 0.91 ( Fig. 6(D) ), and the MRE, RMSE, and NRMSE were 27%, 28.0 mg/L and 46%, respectively. Separately, for the only data set from Hangzhou Bay, R 2 , MRE, RMSE and NRMSE were 0.92, 16%, 42.7 mg/L, and 34%; for the Lake Taihu data sets, R 2 , MRE, RMSE and NRMSE were 0.71, 30%, 16.2 mg/L, and 37%. The results above indicate that the derivation of TSM was also sensitive to the second index X 2 . Indeed, the three bands formed at 550 nm, 750 nm, and 750 nm could be rewritten as the band ratio of R rs (750) to R rs (550). Finally, the C TSM model (Eq. (11)) including X 1 and X 2 was constructed for deriving TSM in Hangzhou Bay and Lake Taihu, and W 1 and W 2 were defined as 0.48 and 0.52 for Hangzhou Bay and 0.76 and 0.24 for Lake Taihu.
Evaluation of model accuracy
To evaluate the C TSM model and demonstrate its ability to retrieve TSM in Hangzhou Bay and Lake Taihu, two different data sets were used in this study-an in situ reflectance data set and atmospheric corrected GOCI data.
A match-up data set was constructed from the in situ measured TSM values and derived TSM concentrations. There are 50 stations in Hangzhou Bay and 146 stations in Lake Taihu.
The comparison between the TSM derived using ASD reflectance and the in situ TSM in Fig. 7(A) shows that most pairs are evenly distributed along a 1:1 line over a wide range of TSM. For the whole data sets of Hangzhou Bay and Lake Taihu, R 2 , MRE, RMSE, and NRMSE are 0.94, 32%, 20.1 mg/L, and 33%, respectively, indicating that our proposed model with in situ ASD reflectance can explain 94% of the variance. Separately, for the Hangzhou Bay data set (n = 50), R 2 , MRE, RMSE and NRMSE are 0.95, 17% 32.3 mg/L, and 25%, respectively; for the Lake Taihu data set (n = 146), R 2 , MRE, RMSE and NRMSE are 0.85, 36%, 13.5 mg/L, and 34%, respectively. The derived TSM concentrations range from 33.9 to 695.3 mg/L in Hangzhou Bay and from 9.2 to 273.3 mg/L in Lake Taihu. The model exploited the different relationships between TSM concentration and multiband reflectance, which improved the performance and expanded the range for deriving TSM.
The GOCI-derived R rs (λ) values were also used to validate the model, and the time interval between the in situ measurement and GOCI overpass was <1 h. Figure 7(B) shows the validation results of the proposed model with GOCI data for Hangzhou Bay and Lake Taihu. The in situ measured and GOCI-derived TSM values were distributed around the 1:1 line, and the determination coefficient was 0.83, indicating that our proposed model with GOCI-derived reflectance can explain 83% of the variance. In addition, MRE, RMSE, and NRMSE of TSM were 41%, 43.1 mg/L, and 55%. Separately, for the only data set of Hangzhou Bay (n = 50), R 2 , MRE, RMSE and NRMSE were 0.78, 51%, 56.9 mg/L, and 44%; for the Lake Taihu data set (n = 62), R 2 , and MRE, RMSE and NRMSE were 0.75, 45%, 12.9 mg/L, and 36%. The results above indicate that the C TSM model proposed in this research can be used for TSM estimation in Hangzhou Bay and Lake Taihu with satisfactory accuracy and can thus facilitate studies of the dynamics of TSM and other related parameters in turbid waters. Fig. 7 . Linear relationship between in situ measured and TSM concentrations derived from ASD reflectance (A) and GOCI-derived reflectance (B) for Hangzhou Bay and Lake Taihu.
Discussion
Model application and comparison
Inorganic particles dominated the absorption and backscattering processes in Hangzhou Bay and Lake Taihu [40] , and the average a p (λ) was much larger than the a CDOM (λ) (Figs. 3(A)  and 3(B) ). Therefore, the effect of a CDOM (λ) could be negligible in deriving a p (λ) from R rs (λ). However, it is unknown if this C TSM model is still valid in other water types. The Xin'anjiang Reservoir (China) is a deep valley reservoir with a low TSM concentration but a noticeably significant contribution of a CDOM (λ) to the total absorption [18] . To determine if the C TSM model is still valid in the Xin'anjiang Reservoir, we derived a p (λ) and b bp (λ) in Eqs. (8)- (9) from the in situ reflectance. Figure 8 indicated that the derived b bp (750) did not show a significant relationship with the in situ TSM concentration (R 2 = 0.061, P<0.05) due to the small variations and low TSM concentration in the Xin'anjiang Reservoir [18] . Three iterations were also performed to identify the most appropriate positions of λ 1 , λ 2 , and λ 3 for deriving a p (λ) of the Xin'anjiang Reservoir (Fig. 9) . The high R 2 (0.72) and low NRMSE (23%) between TSM and the derived a p (542) and the distribution of its relative error along with a CDOM (254) in Fig. 9(D) indicate that the form R rs −1 (λ 1 ) − R rs −1 (λ 2 ) in Eq. (9) with appropriate λ 1 and λ 2 can minimize the effect of CDOM absorption in deriving a p (λ) and thus be used for TSM estimation in the slightly turbid Xin'anjiang Reservoir. In the past, it has been challenging to make clear the spectral dependency of optical components (TSM, chlorophyll a, and CDOM) due to the difficulty of measuring the absorption and backscattering coefficients of these components in highly turbid coastal, inland waters [41] . In addition, the lack of methods for isolating the absorption and backscattering coefficients of these components from remote sensing data has prevented an understanding of critical optical processes and properties. Therefore, the ability to derive the a p (λ) and b bp (λ) from remote sensing reflectance is of great interest for inland or coastal waters. However, it should be emphasized that the proposed model is better used for ISM-dominated turbid water. For other waters with different bio-optical properties, the weight values of the two indices in the model may need to be modified on a case-by-case basis. In this study, we did not measure b bp (λ). Figure 10 compares the derived b bp (λ) from our proposed model and the improved QAA algorithm (QAA_Le) [42] . The QAA_Le algorithm was developed for deriving a p (λ) and b bp (λ) for turbid water by altering the reference wavelength (λ 0 ) in the QAA algorithm [26] from 555 nm to 710 nm, where the total absorption is still dominated by pure water. The result indicated that the QAA_Le derived b bp (750) corresponded well with the b bp (750) derived by our model in Hangzhou Bay (MRE = 10%, RMSE = 0.1 m −1 , and NRMSE = 13%) and Lake Taihu (MRE = 45%, RMSE = 0.2 m −1 , and NRMSE = 47%) (Fig. 10) . Both the QAA_Le algorithm and our proposed model showed satisfactory accuracy in deriving a p (550) in Hangzhou Bay (Fig. 11(A) ). However, the QAA_Le-derived a p (550) did not agree with the in situ a p (550) in Lake Taihu (MRE = 98%, RMSE = 1.2 m −1 , and NRMSE = 107%). By contrast, the a p (550) derived from our model corresponded well with the in situ a p (550) in Lake Taihu (MRE = 22%, RMSE = 0.3 m −1 , and NRMSE = 28%) (Fig. 11(B) ). The proposed model in this study was effective in deriving the b bp (750) and a p (550) from Lake Taihu and Hangzhou Bay, whereas the QAA_Le algorithm failed for these water bodies. This failure can be attributed to the fact that the reference wavelength in the QAA_Le algorithm varies and is empirically determined by the optical properties of water components. In addition, the power-law shape of the a p (λ) spectra in the QAA_Le algorithm omits any signal from phytoplankton.
A large of empirical models have been studied previously to estimate TSM in Lake Taihu and Hangzhou Bay [2, 29, [43] [44] [45] [46] [47] [48] [49] . The sensitivity indexes in these studies were used to model the relationship between R rs (λ) and TSM, and the performance of these adjusted models is also compared in Table 3 . The model by He, et al. [29] worked well in Hangzhou Bay with high accuracy, while the accuracy greatly decreased for Lake Taihu (Fig. 12) . The reflectance in NIR (R rs (745)) is suggested for estimating high TSM [3, 4, 29, 43] , and therefore the ratio of R rs (745) to R rs (490) is significantly correlated with TSM in the highly turbid Hangzhou Bay, whereas this ratio did not match the in situ TSM in moderately or slightly turbid water. Instead, the sensitive wavelength should move to shorter wavelengths in moderately or slightly turbid water. For instance, in moderately turbid lakes/reservoirs and coastal water, the reflectance at 645 nm is usually used to estimate TSM with satisfactory accuracy [3, 4, 43] . However, a mismatch again appears when the derived TSM based on R rs (745) or R rs (645) is compared with the in situ TSM concentration in slightly turbid inland or open ocean water [6, 10] . This mismatch can be partly attributed to the decreased ratio of signal to noise and confusion about the of optical properties of lower TSM. This mismatch can hopefully be reduced if a semi-analytical algorithm is used. Although the semi-analytical algorithm may not necessarily demonstrate superior accuracy than empirical algorithms for a specific site or region, the semi-analytical approach can theoretically explain the relationship among the absorption, backscattering and reflectance of water optical components and could provide a general model for deriving TSM from chlorophyll a and CDOM estimates in different types of water. The GOCI image has a high signal-to-noise ratio and offers hourly daylight observation [50] . The "self-sufficient" atmospheric correction for GOCI data with band 7 and band 8 performed well in highly turbid waters [51] . GOCI-II will be launched in the near future as a continuation of the present GOCI satellite. GOCI-II is thus expected to provide more images for water environment monitoring in inland waters, river estuaries and coastal regions. The proposed model in this research simplifies the traditional semi-analytical model and relies on only two GOCI bands (750 nm and 550 nm) as input for deriving a p (λ) and b bp (λ) and, consequently, TSM estimation. This work will facilitate the application of the GOCI satellite in observing sediment dynamics, plume evolution and erosion/sedimentation patterns based on hydrological activities, weather phenomena, and tidal forces in northeast Asia. Linear regression between TSM measured in situ and derived from ASD reflectance using the algorithm by He, et al. [29] for Hangzhou Bay (A) and Lake Taihu (B). 
Conclusions
In this study, a two-step, IOP-based model based on partitioning a p (550) and b bp (750) from remote sensing reflectance was developed for Lake Taihu and Hangzhou Bay. Our derived b bp (750) values agree well with those derived by QAA_Le for Hangzhou Bay (MRE = 10%, RMSE = 0.1 m −1 , and NRMSE = 13%) and Lake Taihu (MRE = 45%, RMSE = 0.2 m −1 , and NRMSE = 47%). Our approach is effective in predicting a p (550) in Lake Taihu, and the form R rs −1 (λ 1 ) − R rs −1 (λ 2 ) minimizes the effect of CDOM absorption in deriving a p (λ). The a p (550) and b bp (750) are weighted according to the determination coefficient between each index and the TSM concentration and thus can be used to derive TSM. The derived TSM based on the in situ reflectance and GOCI images both correspond well with the in situ measured TSM with low MRE (32%, 41%), RMSE (20.1 mg/L, 43.1 mg/L), and NRMSE (33%, 55%). The model exploits the different relationships between TSM concentration and multiband reflectance, thus improving the performance and broadening the range for deriving TSM. 
